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addition, it is considered among the nine high TB burden countries in the EMR with estimated 20000 PTB cases and 4000 deaths annually contributing to 3% of the total cases. [2] Moreover, according to the Iraqi Ministry of Health Report 2012, the estimated PTB cases in Iraq was 45/100,000. [12] Kerbala is one of the governorates of Iraq and is the second holiest cities in Iraq after Al-Najaf in Shia Islam. This governorate witnesses mass-gathering events every year and thus should be in focus, especially for communicable diseases including PTB. Although seasonal variation of PTB infection has been reported in several previous studies in different countries, no previous study was conducted to assess seasonal patterns of PTB cases in Holy Kerbala/Iraq. Understanding seasonal variation in this holy region may help in understanding the transmission and pathogenesis of PTB, recognizing risk determinant, and improve PTB control and management. The aim of the current study is to model the seasonal trends and forecast incidence rates of PTB infections in Holy Kerbala/Iraq.
Methods
This is a retrospective study in which records of confirmed PTB patients whom they referred to the chest and respiratory illnesses center of Holy Kerbala governorate between the period January 2010 and December 2016 were obtained after taking approval from relevant committees belong to the Ministry of Health/Iraq. These records were documented using the criteria of the World Health Organization/International Union of Tuberculosis and Lung Diseases. [13] The date of diagnosis including day, month, quarter, and year was investigated for assessing the seasonal patterns of the disease. Up to 602 newly diagnosed PTB cases were reported during this period.
Forecasting models
Three forecasting comparison methods were used for forecasting monthly TB incidence from 2010 to 2016; seasonal autoregressive integrated moving average (SARIMA), SARIMA-exponential smoothing method (SARIMA-ETS), SARIMA-neural network autoregressive (SARIMA-NNAR), and SARIMA-adaptive neuro-fuzzy inference system (SARIMA-ANFIS). The "forecast" packages in R software with version 5.0.1 were used to fit the SARIMA model. The "caret" and "NNAR" packages in R software with version 5.0.1 were used to fit the SARIMA-NNAR model. The SARIMA-ANFIS model was done using "ANFISR" in R package, version 5.1 to fit the model. Autocorrelation function (ACF) and partial ACF (PACF) were also investigated.
Neural network model
The feedforward neural network with backpropagation training algorithm in transferring function in the single hidden layer of the tan-sigmoid function expressed as follows: 1  1  1 2 3  , , , ,....,
where n i is the neurons of the input vector and P is the number of neurons. We used Levenberg-Marquardt algorithm to training a function for minimization of the network performance function. This algorithm incorporates Newton's algorithm and the gradient descent to increase the tentative step performance function and will shifts toward Newton's method if the reduction of the performance function is successful. However, each iteration of the algorithm used to reduce the performance function. To prevent over-fitting problem, we used Bayesian regularization and early stopping methods to improve the network generalization. The methods used to provide a measure of how many network parameters are being effectively used by the network. The artificial neural network (NNAR) widely used as forecasting methods that give nonlinear association between dependent and independent variables in training algorithm for the multilayer feedforward network. The NNAR is used to store number of input-output mapping patterns without expressing its mathematical model to show the relationship between inputs and outputs. The network studies the input-output relationship gradually by adjusting the weights and thresholds to minimize the error between the observations and predictions. The process can involve three layers at least as follows: input layer that receives and distributes input patterns, middle or hidden layer that captures the linearity or nonlinearity of the input-output relationship patterns, and output layer that produces the output fitted results.
Adaptive neuro-fuzzy inference system model
The ANFIS model consists of two components: a fuzzy inference system and a back propagation algorithm. The learning method works similarly to that of neural networks. The fuzzy inference incorporated into the ANFIS is the first-order Sugeno-type inference, the typical rule of which, if there are only two inputs x and y, and the output z has the form. Where N is the number of the rules.
For SARIMA-ANFIS combine forecast proposed was derived using the fitted values derived from the SARIMA model as inputs in the neural network, and the actual data of PTB cases were the outputs to improve the prediction performance of the conventional SARIMA model.
Model comparison and evaluation
Three models were adopted to fit and predict the monthly incidence of PTB. Mean absolute percentage error (MAPE), root mean square error (RMSE), and mean absolute square error (MASE) were used to compare the models, and Akaike information criterion (AIC) was used to selected best model. 11 
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When comparing models fitted by likelihood criteria to the data, the smaller the AIC or Bayesian information criterion, the better the fit. The theory of AIC requires that the log-likelihood has been maximized to give the best fit.
results
Among 3254 patients referred to the chest and respiratory illnesses center, 602 confirmed to have new and active PTB.
The data were recorded between the period January 2010 and December 2016. The male/female ratio was 1.13, and the mean age ± standard deviation was 44.02 ± 17.23, as provided in our previous study. The overall PTB cases during the studied period were decreased. A time series plot was drawn to identify the trend and pattern of the TB dataset over the period of years. Figure 1 indicates the behavioral pattern of monthly and annual TB incidence of the 7-year period.
SARIMA is an ARIMA model consider as a seasonal trend in a time series data. SARIMA model was transformed into a stationary time series by trend and seasonal difference and later fit the data. After checking the data for seasonality adjustment, the data were seasonally decomposed using the additive method to identify the seasonality components, patterns, and effects of the seasonal adjusted values, Figure 1 shows the seasonally adjusted values. The seasonal adjusted values were used to observe the PTB occurrence cases with a specific seasonal difference trend. The trend of PTB incidence showed a seasonal characteristic, with peaks in spring and winter.
We established the differences between ACF and PACF. They are both showing if there is a significant correlation between a point and lagged points. The difference is that PACF takes into consideration the correlation between each of the intermediate lagged points. Looking at ACF could be misleading with what points are significant, that is, there is a strong correlation, as shown in Figure 2 . Table 1 shows the summary of the model comparison and evaluation for the goodness of fit. The measures of errors in MAPE, RMSE, and MASE were observed to be lower in SARIMA-ANFIS model compared to other models. The best model was selected with the lowest AIC (712.69).
Forecast from the models
We predicted that the estimates using all the four models proposed to forecast the number of TB cases yearly from 2016 to 2018 are summarized in both Table 2 and Figures 3-5 . It is observed that the TB cases indicated marginal decrease trends and best forecasted in SARIMA-ANFIS model.
Prediction interval for single model
Presumably, we used mean prediction intervals rather than confidence intervals. The fitted values are in-sample one-step forecasts. We assumed that the fitted values are normally distributed errors with 95% prediction intervals given by YT ± 1.96 σ 2 where σ 2 is the estimated variance of the residuals. A prediction interval is used in a forecast combination. We assumed that the forecast errors are uncorrelated and normally distributed, and then, a simple 95% prediction interval for the next observation in a time series were calculated and expressed in A prediction interval is a similar but not identical concept to a confidence interval. A prediction interval is an estimate of a value that is going to be observed at some point in the future. A prediction interval of the individual randomness associated with the particular point or points being predicted.
Figures 6-8 show prediction intervals calculated to include
the true results 95% of the time to estimate the range of values conditional on the model being correct in the first place. It showed that the prediction interval for the forecast from SARIMA-ANFIS was the best within the estimated interval of 80%-85%.
The point estimate for prediction interval observed that the estimate for prediction interval for forecast from SARIMA-ANFIS has the best forecast prediction interval for the forecast accuracy for the PTB cases in the forecast years [ Figures 9-13 ].
dIscussIon
Holy Kerbala represents the second holiest city in Iraq after Al-Najaf. In Kerbala several religious events occur throughout the year during which millions of pilgrims are visiting Kerbala making this city requires great attention to minimize the transmission of communicable diseases like Tuberculosis. Several previous studies reported the presence and absence of seasonal pattern in the incidence of PTB cases. However, the presence or absence of seasonal variation has not described previously in Holy Kerbala/Iraq. Thus, the current study aimed to determine the seasonal pattern of PTB infection if present and predict the future values (using different models) which may enhance controlling and management of the infection. Time series plot identified behavioral pattern of monthly and annual PTB cases incidence of the studied period. The data were seasonally decomposed using the additive method to identify the seasonality components, patterns, and effects of the seasonal adjusted values. The seasonal adjusted values were used to observe the PTB occurrence cases with specific seasonal difference trends. The trend of PTB incidence showed a seasonal characteristic, with peaks in spring and winter.
The presence of spring peak was reported in several previous studies. [10, 14] Inversely, the presence of summer peak was reported in other previous studies. [15, 16] Ríos et al. showed the peak of TB cases in summer and autumn quarters. [17] Seasonal peak was reported in spring and summer in another study in the north of Iran. [18] However, the real cause behind seasonal patterns of Several previous studies showed that cold weather and shorter sunlight in winter cause Vitamin D deficiency and this subsequently leads to weakness of the immune response and increase endogenous reactivation of PTB incidence. [9, 19] Moreover, indoor air pollution, poorly ventilated housing conditions, and higher time spent indoor might increase the transmissibility of MTB which could be seen in the winter season. [20] The weather in Iraq during winter months is wet and cold, and thus, many people may get viral and bacterial respiratory infections, and this may contribute to lowering the immune response and subsequently increase vulnerability to PTB infection. [21] In contrast, summer months in Iraq are hot and dry and thus much less people get respiratory infection.
Furthermore, during winter months' decrease sun exposure due to short daylight and stay indoor could enhance transmission of MTB. Inversely, summer months in Iraq are very hot and represent the holiday months for most of the people thus people try to minimize sun exposure which may lead to Vitamin D deficiency (which represent as immune modulator) and increase susceptibility to PTB infection either through endogenous reactivation of bacteria or through susceptibility to new infection. Vitamin D deficiency had been reported recently in the Kerbala population [22] and the most important source for Vitamin D dermal synthesis-dependent upon sunlight exposure. The minimum exposure to sunlight during summer and winter could lead to vitamin deficiency and subsequent impairment of immunity and minimize the macrophage ability for intracellular killing of bacteria. [23] Time series modeler was applied using SARIMA, SARIMA-ETS, SARIMA-NNAR, and SARIMA-ANFIS for forecasting monthly incidence rate of TB in Holy Kerbala, Iraq.
Forecasting the future incidence of PTB from 2016 to 2018, we predicted the estimates using all the four models proposed, and the results observed that the PTB cases indicated marginal decrease trends and best forecasted in SARIMA-ANFIS model.
Moreover, the current study established the differences between ACF and PACF. They are both showing if there is a significant correlation between a point and lagged points.
Looking at ACF could be misleading with what points are significant, that is, there is a strong correlation.
conclusIon
Seasonal characteristic of PTB incidence was observed with peaks during spring and winter. Forecasting of PTB incidence between the period 2016 and 2018 showed marginal decrease trends, and the best forecasting model was SARIMA-ANFIS model.
Financial support and sponsorship
Nil.
Conflicts of interest
There are no conflicts of interest. 
